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Abstract 

 
The Normalized Vegetation Difference Index (NDVI) is frequently used as a surrogate 

for vegetation properties and is often correlated with climatic variables such as rainfall. 

However, studies have shown that conventional regression models used to study the 

spatial relationship between NDVI and rainfall are often plagued by non-stationarity and 

are scale dependent. This thesis employed a spatial disaggregation modelling technique to 

tackle this issue – Geographically Weighted Regression (GWR) allows measured 

relationships to vary in space. GWR was applied in the Sahel of Africa for the growing 

seasons of 2002 and 2012 (June-September). The results showed that with the selection 

of an appropriate scale, the spatial patterns of NDVI were significantly better explained 

by applying the GWR (0.85 and 0.80 R
2
) than Ordinary Least Squares (OLS) models 

(0.68 and 0.62 R
2
) both in terms of predictive power, accuracy and reduced residual 

autocorrelation. Moreover, clear spatial clusters were formed with coefficients 

significantly higher or lower than those a global model would suggest. Areas near 

wetlands and irrigated lands displayed weak correlations while humid areas such as the 

Sudanian region of the Sahel produced very high correlations. Finally, the spatial 

relationship of rainfall and NDVI displayed temporal variations as there were differences 

in the local coefficients between a relatively dry and wet year. Therefore, GWR is 

suggested as an accurate, informative technique both for exploratory and explanatory 

purposes to address non-stationarity in spatially heterogeneous areas in an ecological 

context. 
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1. Introduction 

 

1.1 Background 

 

Satellite remote sensing is often used to estimate vegetation distribution and productivity 

at large spatial scales. The normalized difference vegetation index (NDVI) is the most 

widely used surrogate for large-scale assessments of vegetation greenness and has been 

applied in a wide range of studies (Brandt et al. 2015, Chen et al. 1998; Santos and Negri, 

1997; Zhang et al 2009). The spatial distribution of remotely sensed NDVI and 

consequently of terrestrial vegetation, is a function of prevalent climatic conditions such 

as rainfall and temperature. The relationship between NDVI and rainfall is well 

established at various spatial and temporal scales (Davenport et al. 1993; Grist et al. 

1997; Nicholson et al. 1990; Potter and Brooks 1999; Wang et al. 2001). The results of 

these studies, although varying, indicate that rainfall is an important predictor of the 

geographical distribution of vegetation in many environments, particularly in transitional 

zones, such as from humid to arid and semi-arid environments (Zhao et al. 2015) as 

found in the Sahel of Africa. 

In most studies that characterize the relationship between vegetation and rainfall, NDVI 

is often modelled as function of rainfall using linear global models such as Ordinary 

Least Squares (OLS) regressions. However, the NDVI-rainfall relationship varies 

spatially and temporally depending on land cover, soil type, vegetation composition and 

structure, microclimatic conditions and human impact (Foody 2003; Li et al. 2002; 

Richard and Poccard 1998; Propastin et al. 2007). This phenomenon is known in 

regression modelling as non-stationarity. Non-stationarity can be a problem when 

modelling the NDVI-rainfall relationship (Eklundh 1998) especially when traditional, 

linear-based models are used. In a large-scale spatial analysis, it is reasonable to assume 

that both NDVI and rainfall will vary to some extent and therefore, making the use of 

global correlation models such as linear regressions not successfully capture the true 

relationship between the two variables. Foody (2003) discussed in detail the potential 

dangers and flaws of global regression modelling with remotely sensed data. The 
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assumption that a single set of regression parameters can accurately describe a spatially 

varying relationship has been highly questioned in the past two decades in landscape 

ecology and geography. This can potentially lead to false assumptions regarding the 

underlying processes affecting vegetation distribution (Gao and Li 2011). Indeed, studies 

have shown that NDVI has significant spatial variation when modelled with most 

environmental variables (Propastin 2009; Zhao et al. 2015). The term “scale effect” in 

ecological terms was highlighted by Foody (2003), to show that environmental relations 

are a function of the spatial scale they are being examined.  

Global models assume that a relationship between two or more variables is stationary and 

that the resulting regression outputs can be well applied throughout the study area. 

However, due to spatial heterogeneity these parameters often fail to establish the proper 

nature and strength of the associations and may not apply to any location at all even if the 

relationship between variables is found to be strong (Osborne and Suarez 2002). Since 

spatial non-stationarity violates one of the basic regression assumptions – spatial 

independence between observations (Anselin 1988), the need for statistical models that 

can account for this phenomenon may be profound. Some regression models have limited 

inclusion of the spatial structure of the data. In general, and depending on the application, 

they aim to increase the prediction power and accuracy and deal with residual 

autocorrelation. They mostly utilize spatial lags such as simultaneous autoregressive 

models (SAR) (Kissling and Carl 2008), Poisson regressions (Kalogirou 2015), or error 

decomposition models (Bolduc et al. 1995). However, they do not deal with non-

stationary data directly but rather try to “model” the error dependency (Maantay and 

McLafferty 2011). Consequently, the issue of facing non-stationary data remains and 

global models are frequently deemed incapable of dealing with it effectively. This can be 

problematic in ecological studies since remotely sensed data have an explicit spatial 

nature, often covering large surfaces with varying characteristics (Foody 2002).  

This thesis attempts to tackle this commonly encountered issue by employing a local 

regression method to deal with non-stationarity, known as Geographically Weighted 

Regression (GWR). GWR is a nonparametric technique (Fotheringham et al. 2002) and 

although a dominant application in the fields of human geography (Cahill and Mulligan 
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2007; Fotheringham et al. 2001; Hu et al. 2012; Kalogirou 2003) it has only recently 

started to gain ground in the field of ecology Gaughan et al. 2012; Propastin et al. 2008; 

Wang et al. 2005; Zhao et al. 2015). GWR allows the relationships between dependant 

and explanatory variables to vary over space, dealing with both non-stationarity and 

residual correlation in the most direct way possible. The outputs of this local method can 

be illuminating for descriptive purposes and can be used to detect areas of model 

misspecification or areas that show interesting variations that otherwise would be lost in 

the form of a global model (Brunsdon et al. 1998). In large-scale ecological studies, more 

often than not, the GWR model is shown to be better applied by standard statistical 

measures such as the Akaike Information Criterion (AIC) or cross validation scores (CV) 

in comparison to global regression models. However, that markedly depends on the 

nature of the dataset and the degree of non-stationarity. 

The Sahel of Africa, as an ecoclimatic transition zone between arid to humid climates is 

known to be sensitive to environmental changes (Nicholson et al. 1990). Some of these 

climatic transition zones are often known to emerge with complex characteristics in 

regards to the relation of NDVI and climatic variables such as non-stationarity, scale 

dependency and spatial heterogeneity (Zhao et al. 2015). Therefore, it would be of 

significant interest to tackle these topics by employing GWR as a method to explore these 

issues and potentially improve modelling of the relationship between NDVI and rainfall 

in the region. 

1.2 Objectives and Research Questions 

The aim of this thesis is to explore the NDVI – rainfall spatial relationship in the Sahel 

zone of Africa during the growing seasons of 2002 and 2012. These two years have 

significant differences in the total amount of received rainfall in the region – 2002 was a 

dry year and 2012 was a wet year. Using more than one growing season allows for 

temporal variations in the spatial relations to be examined as well. By mapping the local 

regression results, an effort to identify areas where Sahel is especially sensitive to 

variations in rainfall was made which aims to direct further research on regions with 

sensitive spatiotemporal dynamics. All GWR models were compared to their 

corresponding OLS global model. The regression analyses were performed both over the 
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whole extent of the study area and within different land cover types. This information 

could be of potential use to ecologists seeking to obtain a better understanding of climate 

variation and vegetation distribution in the area. Another important aim is to identify the 

suitable scale for the local analysis. The spatial scale is expected to be influenced by the 

land cover distribution and vegetation type and composition in the Sahelian belt. 

Moreover, the GWR outputs will be used to identify areas where the model behaves 

poorly, providing evidence for degraded land or other factors influencing the NDVI 

variation such as human impact. Lastly, there are research areas which might benefit 

from the results of this thesis since NDVI and rainfall are often essential components in 

net primary production (NPP) modelling. Understanding their relationship from a more 

local perspective could hopefully provide fruitful information to improving the modelling 

of NPP itself. Similarly, increasing the prediction accuracy of estimating biomass in 

Sahel by undertaking local approaches to deal with potentially non-stationary data might 

be of benefit. 

The research questions this thesis will try to address can be expressed by the following 

points: 

 Was there evident non-stationarity in the NDVI – rainfall relationship in the Sahel 

and was it scale dependant? 

 Did conventional regression models fail to capture the true essence of that 

relationship? 

 Was GWR a more appropriate method to model this relationship, as assessed by 

standard statistical measures such as prediction accuracy and precision and 

residual autocorrelation while at the same time accounting for increased model 

complexity? 

 Were there obvious temporal variations in the spatial relationship between NDVI 

and rainfall? 

 Did GWR manage to highlight regions that emerge with extreme sensitivity in 

regards to the impact rainfall has in vegetation? 
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1.3 Study Area 

The Sahel of Africa is an ecoclimatic transition zone between the Sahara Desert in the 

north and the humid Sudanian savannas of the south (Figure 1). It spans more than 5000 

kilometres in length and can be as wide as 1.000 kilometres extending from the Atlantic 

Ocean to the Red Sea.  Most of the population relies in subsistence agriculture, cash 

crops and livestock herding. The countries of the Sahel have a high positive population 

growth, which is predicted to increase from 367 million in 2000 to 1 billion by 2050 

(Abdi et al. 2014). 

 

Figure 1. Study area. The Sahel (dark grey) is a transition zone between the arid deserts of the 

north to the humid savannahs of the south. 

 

The Sahel can be described as a relatively flat region covered with savannas and 

grasslands and comprises 11 countries. Due to its sensitivity to seasonal climatic 

variations its boundaries are not strictly defined. According to the Global Land Cover-
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SHARE (GLC-SHARE) dataset (Figure 2) which was used in this study, the main land 

cover categories of the Sahelian belt are: 

 Bare soil 

 Croplands 

 Grasslands 

 Shrub covered areas 

 Tree covered areas 

 Sparse vegetation 

 Herbaceous cover 

 

Figure 2. Land cover of the Sahel based on the GLC classification (Latham et al. 2014). 

 

The land cover pattern follows the rainfall distribution with barren areas and grasslands 

dominating the northern parts of the Sahel, and croplands, shrub and tree covered areas 

appearing more frequently in the south. The condition and amount of vegetation is 
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heavily controlled by rainfall which ranges from approximately 100 mm in the north to 

600 - 900 mm in the south and can vary significantly each year while the temperature is 

generally high throughout all the year and displays very limited variation (36
o
 - 42

o 
C 

average high temperatures). The majority of the rainfall is distributed over 2-4 months 

during the summer growing season (usually June – September) whereas rainfall during 

the rest of the year rainfall is negligible (Brandt et al. 2015). 

1.4 Thesis Outline 

This chapter presents the rationale for this thesis, the general aims and research questions 

to be tackled, and some information regarding the study area. 

Chapter two describes some of the literature that has focused on the vegetation-rainfall 

relationship in the Sahel. The latter part of the chapter focuses on discussing some of the 

applications of Geographically Weighted Regression in landscape ecology and will also 

address some of the criticisms it has received. 

The first part of chapter three will outline and describe the acquainted data that were used 

for the analysis of this study. Then, the methodology behind Geographically Weighted 

Regression will be presented in detail along with the statistical tests to showcase it’s 

potentially efficiency as well as the general flow of action in the analysis of the data. 

Chapter four presents the results of the analysis. The main output of the results will be in 

form of maps illustrating the local diagnostics for the spatial regressions that were 

performed. Moreover, the results of the statistical tests comparing local and global 

models will be presented, along with plots and graphs showcasing the predictive power of 

the local models. 

Chapter five encloses the discussion of the results by making connections with the 

research questions and general aims of the thesis and encompasses additional literature to 

validate the findings of the study. In addition, ideas for further research on the basis of 

the results are discussed. 

Chapter six presents the conclusions of the thesis by summing the most interesting 

findings and is followed by the cited literature. 
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2. Background and Literature Review 

2.1 Introduction 

In this section, some background information regarding the NDVI – rainfall relationship 

in the Sahel is provided, along with some studies that have examined the topic of 

spatially varying climatic relationships in various landscapes. Lastly, some of the 

criticism of GWR is discussed, with a focus on ecological modelling. 

2.2 Vegetation-rainfall relationship in the Sahel 

The Sahel is a transitional zone between the Sahara desert in the north and the humid 

savannahs in the south (Anyamba and Tucker 2005).  As a dynamic arid and semi-arid 

ecosystem, it is known to be sensitive to environmental factors.  The Sahel was struck by 

devastating droughts in the 1970s and 1980s which were previously thought to be the 

result of past land degradation caused by human activity (e.g overgrazing, wood 

exploitation) (Lamprey 1988; Mensching 1990).  However, as research and monitoring 

on the area increased, mainly attributed to the ready availability of satellite data, many 

studies found a significant link between reduced rainfall and vegetation condition 

(Anyamba and Tucker 2005; Malo and Nicholson 1990). Moreover, time series of 

satellite data enabled the detection of increases in vegetation greenness since the 1980s 

(Eklundh and Olsson 2003). Consequently, the positive  vegetation trend, – the so called 

”re-greening” of the Sahel is often linked to the higher amounts of rainfall since the 

recovery started (Hickler et al. 2005; Kaspersen et al. 2011; Olsson et al. 2005). 

Although, rainfall is generally thought to be one, if not the strongest, determinant for 

understanding the behaviour of vegetation in arid and semi-arid environments, other 

factors are often discussed as potentially important such as population fluctuations and 

migration, agricultural policy and land cover change (Fensholt and Rasmussen 2011; 

Olsson et al. 2005 ).      

A large number of studies have explored the temporal response of vegetation condition to 

rainfall variability in the Sahel zone at various scales (Li et al. 2004; Olsson et al. 2005) 

providing rich information regarding vegetation phenology and trends. However, a 

smaller number of studies has focused on the spatial patterns of vegetation in response to 

rainfall and concluded that the NDVI-rainfall relationship emerges with different features 
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based on location and the variability of land cover (Chamaille-Jammes et al. 2006; 

Nicholson et al. 1990). These analyses are mostly based on conventional global models. 

In essence, even though they are computed on sampled spatial locations they are 

“aspatial”, since a set of regression coefficients is considered to apply equally to the 

whole extent of the study area (Foody 2002). The Sahel spans approximately 5,000 

kilometres in width with a heterogeneous mix of land cover, vegetation composition, and 

soil type. Therefore, it is very likely that a global regression analysis is not able to 

provide realistic information about the effect of rainfall variations in the sensitivity of 

NDVI in the region. Even if global regression analysis are to be taken separately for 

different types of land cover, as Wang et al. (2001) have done, this would raise further 

questions. Arbitrarily defining land cover as the dominant factor of variation in the 

relationship might cause bias in the model, especially when the Sahelian land cover is 

dynamic and mixed to a degree. The quality of various land cover datasets for precise 

ecological analyses can also be questionable (Propastin et al. 2008). Moreover, this 

approach does not allow for measuring variations within the same category. Lastly, since 

the process of creating land cover data varies between producers, land cover maps might 

have significant variations between them. This further promotes the advantages of a local 

modelling approach, allowing a more natural way to examine the relationship between 

NDVI and rainfall in the Sahel. 

2.3 Geographically Weighted Regression in ecological modelling 

The first application of the Geographically Weighted Regression between NDVI and 

rainfall was performed by Foody (2002). The results of his study showed statistically 

significant spatiotemporal non-stationarity in all regression parameters in a large area 

extending from Central-Northern Africa to a part of the Middle East. In addition, a 

significant increase in the variance explained was accomplished by selecting the GWR 

model over one based on an OLS regression. The findings also raised questions related 

the accuracy of the datasets and the calibration that is needed for a realistic approach 

using GWR. In his follow up, Foody (2003) illustrated the different model results 

produced in the GWR model by changing the spatial scale. Although his second study 

was related to species richness, both rainfall and NDVI data were used as predictors with 

varying relationships both between them and the dependant variable. Propastin et al. 
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(2008) and Propastin (2009) investigated the importance of finding an appropriate spatial 

scale in order to perform a meaningful GWR landscape analysis by employing standard 

statistical measures such as the AIC. This was interpreted as finding the smallest 

homogeneous landscape unit in the study area in order to calibrate the model in the most 

efficient way. In addition, a significant improvement in the decline of residual 

autocorrelation was accomplished by applying the GWR model to the NDVI-rainfall 

relationship. 

Moreover, a GWR approach was shown to be superior to both OLS and SAR models in 

estimating net primary production (NPP) in Chinese forests by Wang et al. (2005). NPP 

modelling has become an important topic of research related to climate change, 

especially in ecological transitional zones such as the Sahel (Abdi et al. 2014) and 

perhaps a local modelling approach could reveal more detail about the drivers regulating 

NPP.  

By employing GWR models in northern China, Zhao et al. (2015) showed that 

transitional zones from arid to humid environments are sensitive to variations in 

precipitation but the strength of the association varies in space even in seemingly 

compact land cover classes. GWR is able to transcend these issues by exploring 

relationships locally, by disregarding arbitrarily defined limitations. Significantly better 

predictions were made by the GWR approach as the global models were deemed too 

inefficient to properly assess the relationships under examination. As a sign of particular 

interest, areas where the model was miss specified were showcased and potential 

inferences to human activities or land degradation were made. 

2.4 Criticisms of Geographically Weighted Regression 

Nonetheless, GWR has received its own share of criticism, both as a methodology and an 

application in ecological modelling. The first critique relates mainly to issues of local 

multicollinearity in multivariate relationships and the extreme flexibility of the model. 

This has been discussed in many studies (e.g. Paez et al. 2011; Wheeler and Tiefelsdorf 

2005) and is of concern when applying spatially disaggregated models. Kalogirou (2013) 

addressed the issue of local collinearity by developing tools to compute the correlation 

coefficient locally among exogenous variables. On the topic of the excessive flexibility of 
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the technique, essentially producing non-stationary coefficients even when using 

stationary datasets, Fotheringham et al. (2002) stated that insignificant variation in the 

regression parameters is to be expected in homogenous data. Indeed, GWR is a method 

that assumes stationarity in the relationships and performs statistical tests to prove 

otherwise. Paez et al. (2011) performed simulations on stationary controlled datasets to 

test this claim. In general, even though there was some variation in the parameters, it was 

not high. Additionally, the bandwidth of the local regression often reached a global state, 

meaning that with some statistical common sense, stationarity of the data can be detected 

by GWR. Naturally, the results were bound by the specific methods that were used. Paez 

et al. (2011) also signified the importance of having large datasets to receive robust 

regression results. As a local technique, GWR tends to be unstable when few samples are 

used (n < 140), but results tend to be more stable and realistic as sample size increases. 

Jetz et al. (2005) expressed concerns regarding the potential of the method to draw 

inferences regarding spatially varying relationships in landscape ecology and supported 

its use mainly as an exploratory tool. Jetz et al. (2005) questioned the potential of GWR 

to deal with spatially autocorrelated residuals but most studies have demonstrated the 

opposite (Propastin et al. 2008; Wang et al. 2005; Zhao et al. 2010). In fact, Wang et al. 

(2005) showed that SAR models are not nearly as effective as GWR in removing 

autocorrelation in the residuals. Since, relationships are established locally and directly it 

is only reasonable to assume that this is the case. Jetz et al. (2005) suggested that 

relationships are in fact global and vary locally due to missing variables or spatial 

interaction between variables. If this is the case, then any inferences made to explain 

spatially varying relationships by GWR should be taken with extreme caution. However, 

Wang et al. (2005) showed that relationships in their model tended to vary both in 

multiple bivariate and multivariate models, furtherly promoting the notion that 

relationships do in fact vary in space. 
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3. Data and Methodology 

3.1 Data 

3.1.1 Normalized Difference Vegetation Index – NDVI 

The Normalized Difference Vegetation Index (NDVI) was used as the dependant variable 

in this study. Satellite derived NDVI is one of the most common indices for vegetation 

monitoring (Tucker 1979). NDVI is computed as the ratio between two wavelengths of 

the electromagnetic spectrum as following: 

NDVI = (NIR-RED)/(NIR+RED) 

Where NIR and RED are the spectral reflectance in the near infrared (800 - 1000 nm) 

wavelength and in the red (620 - 750 nm) sections, respectively, of the electromagnetic 

spectrum. The rationale behind the use of the index is based upon the strong reflectance 

green vegetation displays in the near infrared portion of the spectrum while absorbing the 

photosynthetically active radiation (PAR) at wavelengths between in the red section.  The 

index takes values from 0 - 1 and usually values from 0.1 up to 0.9 correspond to various 

stages and types of green vegetation condition. Very low NDVI values can correspond to 

a complete lack of vegetation, sparse desert vegetation, clouds or water bodies. 

3.1.2 AVHRR GIMMS NDVI 

This study utilizes the NDVI derived from the Advanced Vey High Resolution 

Radiometer (AVHRR) instrument carried by the National Oceanic and Atmospheric 

Administration (NOAA) polar orbiting satellites. The dataset has been constructed, 

corrected and published by the Global Inventory Monitoring and Modelling System 

(GIMMS) project (https://nex.nasa.gov/nex/projects/1349/). The data are provided as 

biweekly NDVI images at an 8 kilometre spatial resolution with the monthly images 

constructed using the maximum value composite method (MVC) to reduce cloud 

disturbance and increase the overall quality of the dataset (Fensholt and Proud 2012). 

GIMMS data incorporate a plethora of corrections related to atmospheric changes, 

satellite sensor decay and orbit drifts (Tucker et al. 2005). 
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Figure 3. a) Integrated NDVI over June-September in 2002, b) Cumulative rainfall (mm) over 

June-September in 2002 
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Figure 4. a) Integrated NDVI over June-September in 2012, b) Cumulative rainfall (mm) over 

June-September in 2012 

From these monthly maximum value composite images, growing season integrated NDVI 

(iNDVI) images were constructed for the growing season in the Sahel (June – September) 

for the years of 2002 (Figure 3) and 2012 (Figure 4). Although, the start and end of the 

growing season is subject to temporal variations, these four months incorporate the 

majority of the vegetation growth and accumulated rainfall in each year as the ratio of 

annual cumulative rainfall and rainfall in the growing season had a mean of 90% in 2002 

and 92% in 2012. 

3.1.3 Climate Hazard Infrared Precipitation with Stations (CHIRPS) 

The Climate Hazards Group Infrared Precipitation with Station (CHIRPS) project 

provides rainfall datasets at the global scale since the past 30 years. The dataset is 

provided at a 0.05
o
 degree resolution and is often used for creating rainfall time-series, 

monitoring droughts and associating it with vegetation data such as NDVI. Based on a 

conjunction of in-situ measurements and satellite data it incorporates various 
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interpolation techniques to produce robust precipitation grids over the globe (Funk et al. 

2015). 

First, the rainfall data were processed to be in accordance with the NDVI spatial 

resolution (8km). Then, growing season cumulative rainfall (CR) images were produced 

for 2002 and 2012 as the independent variables in order to estimate the relationship 

between NDVI and rainfall during the growing season in the Sahel. 

3.2 Methodology 

This section provides a description of the tools that were used in the analysis of this 

study. As ordinary least squares (OLS) regression is widely used and well known in 

scientific literature, the focus will be on presenting the framework for the geographically 

weighted regression (GWR) technique. 

3.2.1 Geographically weighted regression 

 The complete theoretical background and description of the algorithm is presented in 

Fotheringham et al. (2002).  GWR is a geographical extension of the traditional global 

regression framework. Equation 1 describes a simple bivariate linear regression: 

                                  (1) 

where  y is the dependant or response variable; x  the independent or repressor variable; ε 

the error term; bο and b1 are the alpha (intercept) and beta (slope) coefficients, 

respectively; and n is the number of samples that correspond to spatial locations. In the 

OLS framework b0 and b1 are estimated in such a way that the sum of square residuals 

based on the spatial samples would be minimized (Brunsdon et al. 1998). Moreover, the 

residuals should satisfy both spatial independence (the observations should be 

independent of each other) and homoscedasticity criteria (the variability of the dependent 

variable is constant across ranges in respect to the predictor variable). The estimation of 

these parameters can be described as a set of matrix equations as in Equation 2: 

                  (2) 
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where b
^
 is the vector of estimated parameters; X is the matrix calibration that contains 

independent variables; y is the vector of dependent variables and (X
T 

X)
-1

 equals the 

inverse of the variance – covariance matrix (Fotheringham et al. 2002).  

The regression parameters are constant and are assumed to apply to any location from 

which the samples were taken. The coefficient b
^ 

indicates the rate of change in the 

dependent variable with a unit change in the independent variable. In the global 

framework this rate is universal at all spatial locations. In this study, this can be described 

as the rate of change in NDVI with an increase or decrease in rainfall. GWR extends 

Equation 1 in order to incorporate locational information where ) is the ith 

parameter for location u, v (describing positional information such as latitude and 

longitude) (Brunsdon 1998), as shown in Equation 3.  

      (3) 

In this case, the parameters are computed as a function of location and are allowed to 

vary through space. Essentially, a different estimate is produced for each spatial 

observation. The calibration of these parameters is based by performing a weighted least 

squares (WLS) regression on nearby observations for every u, v. Consequently Equation 

2, can be rewritten as: 

               (4) 

where W(ui,vi)) is a weight matrix that assigns different weights to observations near each 

regression point i. Observations closer to the location of each calibration are assigned 

higher weights, while those further away are assigned lower weights. This gives an 

explicit spatial character to the local regressions since observations near i take on a 

heavier burden in the prediction accuracy (Fotheringham et al. 2002). Therefore, spatial 

variations in the relationship between dependant and exogenous variables can be mapped 

to reveal potentially interesting local variations.  

The type of spatial weighting is important in a GWR calibration. The most commonly 

used types are Gaussian, or Gaussian-like, forms of spatial weighting: 
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              (5) 

where  is the weight of observation j for location i; d denotes the Euclidian 

distance between these points and b is the size of the kernel (bandwidth). This allows for 

estimating parameters even at locations where we do not have sample data precisely 

because GWR computes parameters as a function of weighting nearby observations 

(Figure 5). For example, if there exists an observation j at regression point i the weight 

will be one while if it is further away it will follow the Gaussian distance decay function 

described by Equation 5. The bandwidth size (b) describes the distance limit in which 

nearby observations are taken into account for calibrating the regression. If b is too large, 

the GWR model would turn into the global model since all observations would be used at 

each local regression, thus hindering meaningful parameter variation and increasing 

model bias. On the contrary, if b is too small the parameters will be less biased but will 

depend on few nearby samples and will have increased variance in their estimates and 

large standard errors due to low degrees of freedom (Propastin 2009). Therefore, the 

results of GWR become increasingly dependent on the choice of b, deeming it perhaps 

the most important calibration value. Essentially, the choice of the bandwidth is a choice 

between goodness of fit and degrees of freedom (Karen 2008) and between variance and 

bias (Figure 6). The bandwidth can either be of a fixed or adaptive nature. A fixed 

bandwidth describes a kernel of a predetermined distance size that continuously moves 

invariantly through the study area. The number of observations is dependant to their 

distribution as in some cases sample density might be too high or too low. In the adaptive 

scheme the bandwidth performs as a function of predetermined number of nearest 

neighbours and can vary in size in order to incorporate the same number of observations 

in each iteration. Both weighting schemes, and Gaussian weighting, were used in this 

study. 
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Figure 5. Gaussian Spatial Weighting function for GWR (Propastin et al. 2008) 

 

3.2.2 Scale dependency of non-stationarity 

In landscape ecology, in order to obtain reliable results from GWR and select a 

meaningful bandwidth size, the Stationarity Index (SI) proposed by Osborne et al. (2007) 

is often used to study the scale dependency of nonstationarity between ecological 

variables. The SI is calculated as: 

SI =                    (6) 

where, SI  is the stationarity index, iqr_gwrse  is the interquartile range of standard errors 

for GWR coefficients and SE is the standard error for a coefficient in a global model such 

as OLS. Values less than 1 indicate stationarity at that scale, implying that the 

relationship has stabilized. The SI can illustrate the difference between the observation 

and intrinsic scale between NDVI and rainfall in the Sahel. The observation scale 

describes the whole study area in which spatial constancy is assumed, whereas the 

intrinsic scale relates to the operational scale in the ecological relationship, which can be 
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of a much smaller size (Gao and Li 2011). In this study, the SI was calculated at multiple 

scales ranging from 25 km to 900 km in order to study the variation of scale dependency 

in the local parameters. 

 

Figure 6. Selection of bandwidth size (Fotheringham et al. 2002)  

 

 

3.2.3 Model comparison 

In order to validate the use of GWR over a global model and over different bandwidths 

statistical tests were used to test its potential improvement. The Akaike Information 

Criterion corrected for small sample sizes (AICc) is a standard statistical measure to 

compare the relative performance of two models by accounting for model complexity and 

differences in degrees of freedom (Akaike 1974): 

AICc = 2nln*(σ
^) 

+ nln(2π) + n (  )       ( 7) 

where n is the sample size, σ is the deviation of the residuals and tr(S) is the trace of the 

hat matrix, the matrix that transforms observations into predictions in regression terms 
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(Karen 2008). In general, a decrease in AICc of more than 3 indicates a better model. 

Moreover, an F-test (Equation 8) proposed by Fotheringham et al. (2002), that is based in 

an analysis of variance (ANOVA) was computed to assess the significance of the 

improvement: 

F =              (8) 

where, RSS_gwr is the residual sum of squares for a GWR model; RSS_glm is the 

residual sum of squares for a global model; DF_gwr  and DF_glm are the degrees of 

freedom for GWR and the global model, respectively. Finally, the Root Mean Square 

Error (RMSE) was computed for the global and local models, respectively. 

3.2.4 Tests for the significance of spatial non-stationarity 

In order to assess if the regression parameters show significant spatial variation the 

geographical variability test (Nakaya et al. 2009) was applied. The test examines the 

spatial variability of parameters by comparing a traditional GWR model with a model in 

which every  kth coefficient is kept constant while the rest of the coefficients are  allowed 

to vary e.g.: 

            GWR model:       

Fixed model 1:       

Fixed model 2:       

where GWR model is that model being tested, Fixed model 1 is the test for the slope 

coefficient and Fixed model 2  is the test for the intercept coefficient. The indicator for 

the significance of the spatial variation in the regression parameters is the AICc, used by 

comparing the values for different models. Moreover, a more exploratory method was 

presented by comparing the interquartile range of GWR coefficients that account for 50% 

of the data distribution with the global estimate ± one standard deviation which accounts 

for about 68% of the data distribution since in a global model the parameter estimate is 
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the mean of a Gaussian curve (Fotheringham et al. 2002). If the local estimates exceed 

that limit we can conclude important spatial variation in the coefficients. 

3.2.5 Testing for residual autocorrelation 

A popular statistic to assess the degree of spatial autocorrelation of a data set is the 

Moran’s I index (Moran 1948).  Moran’s I measures the degree of association between a 

vector of observed values and the weighted average of their neighbours. In this thesis the 

formula proposed by Cliff and Ord (1973) was used: 

   (9) 

where n is the number of data points, zi = xi - ,  is the mean value of x, M =  

 and wij is the element of the matrix of spatial proximity M, which depicts 

the degree of spatial association between the points i and j (Kalogirou and Hatzihristos  

2007). In the above description x can describe the value of the variable we are testing for 

spatial autocorrelation – in this case the residuals. The matrix of spatial proximity was 

constructed by using the k nearest neighbours approach. In detail, wij = 1 when j is one of 

the k nearest neighbours of i and wij = 0 elsewhere (Anselin 2003). Various weight 

matrices were constructed including different number of nearest neighbours each time 

based on difference distance lags. More specifically, spatial correlograms were 

constructed, that computed the value of Moran’s I index in spatial lags from 25-500km 

using 15 km intervals. The indices were tested against the randomization hypothesis at a 

95% confidence level by using spatial permutations. 

3.2.6 Data processing and software 

After removing missing data values and NDVI values < 0.1 to reduce unwanted signal 

coming for potentially non vegetated pixels (Jamali et al. 2014) the NDVI and 

precipitation raster surfaces were converted to vector format in order to use the GWR tool 

in ArcGIS 10.3, the lctools (Kalogirou 2015) package in the open source statistical 

software R 3.1.2 and the GWR4 software (Nakaya et al. 2014).Then, random sampling 

was performed to encapsulate 30% of the dataset corresponding to approximately 10,000 

points for each year (300 less pixels in 2012). 
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3.2.7 Land cover analysis 

In addition to applying the regression models to the whole extent of the Sahel, both GWR 

and OLS models were applied within the main land cover categories based on the GLC-

SHARE land cover data set (Figure 2) in order to assess the effect of land cover in the 

variation of the NDVI-rainfall relationship. Pixels classified as herbaceous cover were 

not considered due to their very small number in comparison with the rest.  The GWR 

models employed the adaptive kernel type due to land cover not being evenly distributed 

across the study area. 
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4. Results 

4.1 Scale dependency 

The relationship between NDVI and accumulated rainfall for the growing season was 

scale dependent for the Sahel. By fluctuating the size of the bandwidth varying results 

were produced. The patterns were more homogenized as the bandwidth broadened and 

incorporated information from locations far away, thereby smoothing the regression 

coefficients and bringing them closer to those of a global model. On the contrary, with 

smaller bandwidths very detailed patterns were produced at the cost of increased standard 

errors. The stationarity index (SI) for both 2002 and 2012 (Figure 7) suggests that 

different levels of scale dependent non-stationarity were present by varying the scale of 

examination. However, the SI had temporal differences as well. In 2012, for small 

bandwidths the stationarity index was higher than the values for 2002 but became 

stationary slightly earlier than in 2002.  The SI slopes declined abruptly with an increase 

in the bandwidth that stabilized around 180 kilometers implying that this is the intrinsic 

scale of the NDVI-rainfall relationship, i.e. the minimum geographical area which we can 

build a stationary and reliable relationship for the entire study area. This could be 

interpreted as the size of a landscape unit that describes the natural arrangement of the 

phenomenon where we can incorporate variations of non-stationarity while also removing 

unnecessary bias and noise in the model (Brunsdon et al. 1998). Consequently, as the SI 

slopes became flat at approximately 200 km, this was selected as the appropriate 

bandwidth to model the NDVI-rainfall relationship in the Sahel during the growing 

season. 
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Figure 7. Stationarity index (SI) for 2002 (a) and 2012 (b) at multiple bandwidths. The SI is that 

ratio of the interquartile range of standard errors for the GWR coefficients with twice the standard 

error of a spatially constant, global model (GLM). Values less than 1 on the y-axis indicate 

stationarity at the corresponding spatial scale. 

 

4.2 Spatial patterns of the NDVI – rainfall relationship 

As the regression parameters were allowed to vary through space, different temporal and 

spatial patterns regarding the strength of the correlation and the significance of the 

relationship were produced. By mapping the local diagnostics and coefficients the spatial 

heterogeneity and nonstationary relationship between NDVI and rainfall were illustrated.  
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Local R
2
 values describe how well the local models fit the observations and indicate 

whether or not the model performs well. There were significant temporal and spatial 

variations in the strength of the correlation throughout the Sahel (Figure 8). The local fits 

were lower in the humid wetlands around Lake Chad and Niger River in Mopti, Mali in 

the central and southwest parts of the Sahel respectively. The influence of rainfall in the 

variations of NDVI in the growing season is low and perhaps other ecological factors 

have stronger impact in these areas. High correlations (R
2
 > 0.5) were found in western 

Sahel (parts of Mauritania and Senegal) and eastern Sahel (parts of Chad and most of 

Sudan) suggesting that rainfall is a very potent determinant in these areas. The local fits 

were higher in 2002, which was a drier year than the relatively wet 2012. The abundance 

of rainfall makes the correlations weaker, although the general patterns of high and low 

clustering remain similar in both years. 
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Figure 8. Local R
2 

patterns in 2002 (a) and 2012 (b). Low values indicate poor model 

performance and an indication for potentially missing variables in the model. 

 

The slopes of the local regressions (beta coefficients) describe the magnitude and nature 

of the relationship. The vast majority of the coefficients are positive suggesting that an 

increase in rainfall relates to an increase in NDVI. However, the rate of increase differs 

significantly throughout the Sahelian belt (Figure 9).  The strength of the associations 

was higher in the growing season of 2002 than of 2012. Nonetheless, some very 

important variations appear in the maps. Although the rainfall coefficient was lower in 

most of the Sahel in 2012 than during drier year of 2002, a seemingly large cluster 

covering and extending over Sudan has surprisingly high values that surpass even all the 

coefficient values for 2002 implying that the NDVI patterns where increasingly sensitive 

to variations in rainfall. These interesting local variations would be lost in a global model. 

It seems that regardless of rainfall amount, instead of forming a sensitive geographical 
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transitional zone, the Sahel forms clusters that operate as transitional passages from 

humid to arid environments with their size being dependent on the amount of rain 

received. A cluster analysis as shown in Figure 10, clearly illustrates where high and low 

value clusters are formed. 

 

 

Figure 9. Rainfall (Beta) coefficient in the Sahel for 2002(a) and 2012 (b). The coefficients 

depict the rate of change for a spatial unit of NDVI with an increase in a spatial unit of rainfall. 
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Figure 10. Spatial Clustering Maps for the slope coefficient in the Sahel in 2002 (a) and 2012 (b), 

respectively. Red dots suggest significant clustering of similarly high values while blue dots 

significant clustering of low values. 

 

4.3 Land cover analysis 

In this section, the results from running global and local regressions in each land cover 

category separately are presented (Table 1). Tree covered areas and shrublands 

demonstrated the highest fits while barrens and croplands signified low correlations. The 

local models amplified the variations within the same land cover and strengthened the 

relationships. This is further demonstrated by the drop in AICc values in all cases. 

However, the results were not surprising considering that land cover categories are mixed 

and span across vast distances in the Sahel. This further promotes a geographically-

weighted approach for modelling NDVI and rainfall in the Sahel that takes into account 
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local climate and sub-regional variations that are not restricted by arbitrary limitation of 

land cover. 

 

Table 1. Regression Correlation Coefficients and AICc for various land cover categories 

in the Sahel 

 R
2
GLM AICcGLM  Min 

R
2
GWR 

Mean 

R
2

GWR 

Max 

R
2

GWR 

AICcGWR 

Land Cover Type       

Barrens2002 0.356 -1662.16 0.167 0.448 0.707 -2709.96 

Barrens2012 0.257 820.80 0.046 0.327 0.653 198.66 

Shrub Covered Areas2002 0.619 477.51 0.133 0.590 0.858 34.679 

Shrub Covered Areas2012 0.480 740.37 0.128 0.463 0.793 275.47 

Tree Covered Areas2002 0.706 284.43 0.144 0.624 0.845 -22.12 

Tree Covered Areas2012 0.526 597.63 0.173 0.478 0.764 276.67 

Croplands2002 0.358 1314.02 0.000 0.416 0.759 -27.01 

Croplands2012 0.312 1821.96 0.000 0.325 0.694 679.42 

Grasslands2002 0.564 731.42 0.303 0.642 0.776 -1747.62 

Grasslands2012 0.472 2786.35 0.217 0.508 0.652 991.21 

Sparsely vegetated2002 0.732 29.04 0.184 0.545 0.874 -520.14 

Sparsely vegetated2012 0.614 523.64 0.012 0.355 0.809 15.65 
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4.4 Model Diagnostics and tests for non-stationarity 

The results of the global regression for the whole study area are presented in Table 2. 

Both the intercept (alpha coefficient) and slope (beta coefficient) were statistically 

significant in regards to their relationship with NDVI (p <0.01). In 2002, about 69% of 

the variance was explained by precipitation patterns in the Sahel while 62% was 

explained in 2012. Global regression diagnostics implied problems with non-stationarity 

and residual heteroscedasticity (Koenker Statistic, p <0.01) and indicated potential model 

miss specification. On the contrary, GWR explained more of the variance (80% in 2012 

and 85% in 2002) and lowered the AICc values, which accounts for changes in model 

complexity and degrees of freedom. The F-test based on an ANOVA suggested that 

GWR produced statistically significant improvement over the OLS models in both years 

(p <0.01). 

 

Table 2. Model comparison between GWR and OLS models in 2002 and 2012. 

Model R
2
 AICc F-test 

GLM 2002 0.688 4416.60  

GLM 2012 0.622 9545.55  

GWR 2002 0.858 -3812.01 240(p<0.01) 

GWR 2012 0.808 2403.34 219(p<0.01) 

 

The geographical variability test implied that both the intercept and rainfall coefficients 

were significantly varying in both years. This can be more illustrative by examining the 

interquartile range of the coefficients with the global estimates and their standard 

deviations. 
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Table 3. Descriptive statistics for regression parameters in 2002. 

Model Statistics Intercept Slope 

GLM Estimate 0.328622 0.002848 

 

Standard Error 0.00593 0.000018 

 

Estimate + 1 SD 0.334552 0.002866 

 

Estimate - 1 SD 0.322692 0.00283 

     GWR Mean 

 

0.362463 0.002731 

 

Minimum 

 

-0.02677 0.000310 

 

Lower Quartile 0.256978 0.002452 

 

Median 

 

0.351192 0.002789 

 

Upper Quartile 0.454996 0.003047 

 

Max 0.900006 0.004688 
 

The interquartile range for GWR parameters corresponds to 50% of the data distribution 

while 68% of the data is found within one standard deviation for the GLM model. It is 

clear that in both growing seasons, regression parameters “drift” far more than the ±1 SD 

of the global estimates. In 2002 (Table 3), the intercept for the global model is estimated 

between 0.322692 - 0.334552 while for GWR the interquartile range is estimated 

between 0.256978 - 0.454996. Similarly, the slope parameter for the global model is 

found within 0.00283 - 0.002866 while for GWR the range is 0.002452 - 0.003047. The 

results are similar for 2012 (Table 4) and strongly suggest that the global model captures 

just an average impression of the relationship in the Sahel, hindering detection of local 

variations and potentially supporting misleading assumptions and interpretation. 
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Table 4.  Descriptive statistics for regression parameters in 2012 

Model Statistics Intercept Slope 

GLM Estimate 0.328645 0.002514 

 

Standard Error 0.008088 0.000019 

 

Estimate + 1 SD 0.336728 0.002533 

 

Estimate - 1 SD 0.320552 0.002495 

     GWR Mean 

 

0.349138 0.002472 

 

Minimum 

 

-0.24613 -0.000253 

 

Lower Quartile 0.223988 0.002158 

 

Median 

 

0.369608 0.002368 

 

Upper Quartile 0.489719 0.002612 

 

Max 0.934338 0.005881 
 

4.5 Predicted Patterns 

The scatterplots of the observed and simulated values are presented in Figure 11. The 

global models were not consistent and would underestimate high values of NDVI and 

overestimate low values. This is to be expected since a constant set of parameters was 

used to capture a relationship in a very large area with high spatial heterogeneity. The 

local modelling approach managed to produce more accurate estimates by taking into 

account local characteristics and incorporating locational information. 
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RMSE = 0.30 

RMSE = 0.37 
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Figure 11. Scatter plots of observed and simulated NDVI in both growing seasons. a) 

OLS model in 2002, b ) OLS model in 2012, c) GWR model in 2002, d) GWR model in 

2012. RMSE refers to the Root Mean Square Error. 

 

Figures 12 and 13 depict the observed and predicted spatial patterns of NDVI for 2002 

and 2012, respectively. The OLS model that included data from the whole study area 

produced more generalized patterns that hindered any local variation in the values of 

RMSE = 0.27 

RMSE = 0.20 
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NDVI across the Sahel (RMSE =0.30 in 2002, RMSE = 0.37 in 2012). Similarly, the 

predictions produced by combining OLS models in different land covers produced only 

slightly better results (RMSE= 0.27 in 2002, RMSE = 0.35 in 2012). Both models 

presented the actual gradient of lower iNDVI values in the north and higher values to the 

south. However, the GWR model predicted it in a more precise manner because it takes 

into account the spatial variation in the NDVI – rainfall relationship and regional 

information (RMSE=0.20 in 2002, RMSE = 0.27 in 2012).  

 

Figure 11. Observed and Predicted spatial patterns of iNDVI in 2002. a) Observed patterns, b) 

OLS models in separate land cover categories, c) Global OLS model, d) GWR model. 
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Figure 12. . Observed and Predicted spatial patterns of NDVI in 2012. a) Observed patterns, b) 

OLS models in separate land cover categories, c) Global OLS model, d) GWR model. 

 

4.6 Spatial autocorrelation of the residuals 

High amounts of residual autocorrelation usually indicate problems with model 

specification and non-stationarity. The violation of spatial independence can result in 

unstable regression results. In general, a random distribution of residuals suggests more 

reliable regression models. Figures 14 and 15 illustrate the residual distribution for both 

years for their corresponding OLS and GWR models, respectively. From the spatial 

patterns, it is clear that that the local modelling approach produces more randomized 

patterns. The spatial correlograms (Figure 16) that compute the Moran’s I index at 

various spatial lags are more descriptive on how the regression models treats the 

residuals. Both the global OLS model and the OLS models run in separate land covers 
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suffer from very high residual autocorrelation not only over short spatial lags, but also 

over very large distances. On the contrary, the GWR approach eliminated spatial 

autocorrelation at larger distances and significantly reduced residual dependence over 

short spatial lags. In all cases, the values of Moran’s I were significant (p < 0.05). This 

further promotes the use of spatial disaggregation modeling as it deals with residuals in a 

very direct manner. 

 

Figure 13. Residual distribution in 2002 for OLS (a) and GWR (b) models. 
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Figure 14. Residual distribution in 2012 for OLS (a) and GWR (b) models. 
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Figure 15. Spatial correlograms in 2002 (a) and 2012 (b). Circles denote the global OLS model 

(GLM), Triangles denote the combined OLS models ran in separate land cover categories (GLM–

LC) and squares refer to the GWR model. All Moran’s I values were significant (p < 0.05). 
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5. Discussion 

The results demonstrated that the NDVI–rainfall relationship is not stationary throughout 

the Sahel during the growing season in the years under examination. Therefore, it is not 

reasonable to describe the relationship as a set of spatially constant coefficients. The 

spatial heterogeneity of rainfall and NDVI was documented by Foody (2002) for the 

whole of northern Africa, of which the Sahel is a part of. In that study, the relationship 

was positive for the whole extent of the Sahel but this can be attributed to the different 

datasets used. The spatial variations were attributed to varying land covers, soil patterns, 

and the quality of the datasets or other undocumented factors. In this study, the 

relationship was positive for the majority of the study area, however, negative or very 

weak relationships were observed in some locations as well. Moreover, the significance 

of the relationship varied dramatically through space.  

The gradual change from arid and semi-arid environments to more humid environments 

was one reason as shown by the different regression results based on individual land 

cover examination. However, even though the OLS regressions ran in separate land 

covers produced better results in comparison to the global model that includes the whole 

extent of the Sahel, it did not significantly reduce residual autocorrelation and the 

predictions were subpar in comparison to the GWR model.  Using land cover maps to 

improve modelling was shown to be of limited help for many reasons. First, land cover 

maps vary depending on the producer as these are not standardized. Second, it would be 

rather unreasonable to assume that the same land cover in one part of the Sahelian belt 

would have the same attributes in distances as one several thousand kilometres away 

from it. Finally, land cover maps are heavily aggregated, and although very helpful for 

exploration and interpretation purposes, lack local information as the lack of reduction in 

regression residual autocorrelation has shown. 

GWR transcended arbitrarily defined barriers of land covers that often suffer from spatial 

discontinuity in climatically heterogeneous areas. By incorporating local information, 

GWR worked as a continuously varying detector of geographical relationships and 

significantly improved over the global models, by explaining more variance and 

effectively reducing autocorrelation in the residuals. The reason is that local modelling 
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can potentially take into account within land cover variation, different species 

composition and distribution and factors that have a strong local component such as soil 

type or human disruption of ecological communities and locally unique climatic 

conditions (Propastin 2009). These local variations demonstrated that the spatial patterns 

of NDVI are better correlated with rainfall in some parts of the Sahel than others. In 

general, the more humid parts were less correlated;  for example, the wetlands around 

Lake Chad, potentially due to the abundance of water, different irrigation practices and 

increased human activity. In addition, the rainfall threshold that some vegetation types 

need to achieve maximum growth such as crops can be trespassed and therefore 

producing very weak correlations and associations with rainfall in the growing season 

(Sun et al. 2010). 

As an ecogeographical transition zone between arid and humid environments, prominent 

areas were documented that appeared very sensitive to variations in accumulated rainfall 

for the growing season. Zhao et al. (2015) showed that the transition area between desert 

and humid lands in Northern China appeared more sensitive than surrounding areas to 

climatic changes. The Sahel, instead of being a continuous sensitive zone, appears to 

have large clusters of high correlations and rainfall coefficients e.g. a large cluster 

covering and extending over Sudan.  

Another interesting finding of the study is that the results depicted temporal variability in 

their spatial relations - 2002 was a relatively dry year, while 2012 can be described as a 

wet year. Although, the results suffer from a decade of temporal discontinuity, the 

assumption is that the amount of rainfall in each area received in a given period is critical 

for the output of the results. In 2002, higher local fits and rainfall coefficients were 

observed in comparison to 2012. When rainfall is restricted, its effect as a predictor 

variable and the sensitivity of vegetation to it appear to be increased more than during 

wetter years. However, in 2012 there were areas that produced very high slope 

coefficients that surpassed even the highest slope coefficients in 2002 (Sudanian zone). 

This could be attributed to land cover change, a difference in irrigation practices or as a 

concerning uncertainty in respect to the quality and validity of the data. Regardless, this 

is a testament of the ability of GWR to provide local areas of interests that can direct 
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future research and improve the modelling of phenomena in these regions. These 

temporal variations cannot be shown by any OLS or SAR model and can otherwise 

mislead the interpretation of the results. 

The relationship between vegetation and climatic variables such as rainfall has been 

shown to be scale dependent based on previous research (Propastin et al. 2008; Zhao et 

al. 2015). Gao and Li (2011) emphasized the importance of selecting an appropriate 

bandwidth and spatial weighting method. Fixed weighting has more commonly been 

employed in ecological studies when there is a continuous and relatively dense 

distribution of sample points as more robust interpretations regarding the effect of scale 

on the results can be made. In the current study, a fixed weighting scheme was used when 

GWR was applied to the whole extent of the Sahel, while adaptive weighting was 

selected to calibrate GWR models in separate land covers to combat spatial discontinuity 

in the sampling. The selection of the bandwidth corresponds to the scale at which the data 

will be examined and is perhaps the most important calibration setting in GWR .The 

bandwidth choice is a tradeoff between variance in the local estimates and bias in the 

model. Usually, AICc is employed as a tool on which to take the decision. However, it 

has to be noted that with large sample sizes (thousands of samples) AICc can suggest 

optimality in models with extremely small bandwidths, inflated R
2
 and large standard 

errors, hindering meaningful inferences and inserting a large amount of noise in the 

outputs (Propastin et al. 2008). This has not been noted often enough in environmental 

studies that employ GWR and should be a cause for concern for those who employ these 

methods. Here, AICc was very useful making comparisons between an OLS and a GWR 

model after the appropriate bandwidth was selected based on the Stationarity Index (SI). 

The AICc as a guide for bandwidth selection, is not a panacea when it comes to GWR 

calibration, and is very likely to encounter strong collinearity problems in the local 

explanatory terms – even between the intercept and the beta coefficient. Although smaller 

bandwidths can be useful for exploratory purposes, it is strongly suggested that 

covariance matrices, local correlation coefficients and condition indexes be applied 

before accepting a bandwidth even when it is suggested by measures such as AICc. 

Nakaya (2001) employed stricter measures for bandwidth selection such as Bayesian 
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Information Criteria (BIC), which penalizes smaller bandwidths more and could be of 

potential use in further research in this sort of ecological analysis. 

 The computation of the Stationarity Index (SI) at various incrementing spatial scales 

provided important information with regard to the scale dependency of NDVI and 

accumulated rainfall in the growing season in the Sahel. In the Sahel, for both years 

under examination the relationship tended to stabilize at roughly 200 kilometres and the 

regressions constructed at that scale are more reliable and stable as the condition indices 

and local correlation coefficients did not suggest any spurious local correlation in the 

coefficients, even at the cost of introducing more bias than smaller bandwidths. In similar 

studies (Gao et al. 2012, Zhang et al. 2015) in transitional zones between arid to humid 

environments that used similar data, for example the Qinghai–Tibet and Mongolian 

plateaus, the stability scale was 120 and 500 kilometres respectively. Agreeing with the 

results of these studies, this implies that the operational scale between vegetation and 

climatic variables can vary regionally and is study area specific. Additionally, it has to be 

noted that in these studies annual comparisons were performed while in this study the 

focus was in the correlations in the growing season. By analysing the data only in the 

months where vegetation growth and most of the rainfall occurs much of the unwanted 

noise from the NDVI signal in the dry season can be eliminated. However, this 

methodology is strictly related to the climatic conditions of each study area. 

The findings of this thesis can be used for modelling net primary product in the Sahel as a 

function of location as it was shown that rainfall and NDVI relations are spatially 

varying. Both NDVI and rainfall are often components in NPP models and their 

interactions can vary locally (Wang et al. 2005). Additionally, it could be employed as a 

method for estimating woody biomass assuming that a linear regression is not adequate 

enough to capture the true relationship in a heterogeneous environment as the Sahel. 

Lastly, GWR analysis by employing data from different satellite sources may increase 

our understanding regarding the effect of the spatial resolution of the data in the 

estimated relations of vegetation and climatic variables. 

The interpretation of results is a topic of concern as Jetz et al. (2005) suggested that 

relationships in environmental variables are global and likely vary due to missing 



47 

 

variables or interaction terms. It is quite difficult to take a justifiable stand on that but the 

results of this thesis disagree with the conclusions of Jetz et al. (2005), and showed that 

relationships can and do in fact, vary in space. Moreover, an important decrease in the 

autocorrelation of the residuals was noticed which was a major part of the criticism of 

GWR in the aforementioned study. It would be more likely to assume that, incorrect 

statistical inferences can be concluded when we conduct a GWR analysis without using 

appropriate diagnostic tools to test for local collinearity and other problems, as described 

in detail by Wheeler and Tiefelsdorf  (2007) and Paez et al. (2011). Moreover, the 

application of GWR has advanced in the last years and can be applied as a mixed model 

that assumes spatial constancy for one or more of the variables (Mei et al. 2006) or 

spatiotemporal models (Huang et al, 2010) that incorporate temporal information in their 

calibrations. These models can be very useful in areas such as the Sahel, which are 

sensitive to environmental changes both in the spatial and temporal domain. 

The study demonstrated that GWR can be an alternative to OLS modelling in 

heterogeneous areas that are sensitive to environmental changes. The local method 

produced better predictions, lower autocorrelation in the residuals and highlighted 

interesting local variations. Another way to achieve similar results would be to divide the 

Sahel into geographical regions that share common attributes as Zhao et al. (2015) 

showed in their research in Northern China. However, that would be a very tedious 

process and might be untenable when it comes with a large amount of data from both a 

spatial and temporal perspective. Therefore, GWR is strongly suggested as both an 

explanatory and exploratory method in environmental modelling when spatial constancy 

in relations between variables is questionable. 
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6. Conclusions 

In a large scale analysis, the NDVI-rainfall relationship often emerges with 

characteristics such as non-stationarity and scale dependency, especially in transition 

zones between different climatic environments. In this thesis, the spatial variation and 

scale dependency of that relationship was revealed in the Sahel of Africa, a prominent 

transition zone between arid to humid environments which have been in the spotlight of 

scientific research since the past decades due to its sensitive spatiotemporal dynamics. By 

taking into account the existence of different types of land cover, and the extreme 

heterogeneity in climatic conditions from the southern Sahara boundaries to the humid 

areas of the South, the effect of rainfall upon the spatial patterns of vegetation was the 

main interest of this study. The analysis was restricted to the growing season to avoid 

unnecessary noise coming from NDVI during the dry months where rainfall is essentially 

zero. Lastly, data from two years were used - 2002 and 2012 which correspond to 

relatively dry and wet years, respectively. 

By undertaking a spatial disaggregation modelling technique named Geographically 

Weighted Regression (GWR) and after finding the most appropriate scale to examine the 

spatial relationship, the results highlighted areas which were particularly sensitive to 

variations in rainfall and which seemingly form large clusters that connect humid and 

arid climatic zones. In these areas, rainfall appears to be the dominant determinant in 

understanding the distribution of vegetation. Moreover, regions mainly located around 

wetlands were shown to have a very weak relationship with rainfall indicating the need 

for incorporating additional variables to explain the NDVI variation. Finally, temporal 

variations were showcased as the spatial relationships would often change from a drier 

year to a more humid one. 

In comparison with traditional linear regression modelling such as Ordinary Least 

Squares (OLS), GWR model performed significantly better in both years, by producing 

more accurate predictions, reducing autocorrelation in the regression residuals and 

allowing for local inferences to be made due to a large output from GWR results being a 

set of maps showcasing the local situation between NDVI and rainfall. The results were 

validated by conventional regression diagnostics and local tests to assess the significant 
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and degree of non-stationarity in the data. Therefore, GWR is suggested as an accurate, 

informative technique both for exploratory and explanatory reasons to treat non-

stationarity in heterogeneous areas in an ecological context. 
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